providing an affordable, safe, and responsive on-demand tool for monitoring fire effects 5 at a much finer spatial resolution than is possible with current technology. Using 6 spectroscopic analysis of a variety of live as well as combusted vegetation samples to 7 identify the spectral separability of vegetation classes, an optimal set of spectra was 8 selected to be utilized by machine learning classifiers. This approach allows high 9 resolution mapping of wildland fire severity and extent. 10
Fire ecology enables managers to study temporary environmental changes by 25 accounting for the pronounced change that wildland fire effects on an ecosystem. The 26 emerging field of ecoinformatics promises to provide the methodologies and tools 27 needed to acquire, analyze and manage the growing amounts of complex ecological data 28 available from the immense volume of data available in very high spatial resolution 29 imagery which can be acquired with small unmanned aircraft system (sUAS), providing 30 actionable knowledge of the effects of wildland fire for ecosystem management. 31 Current methods for acquiring imagery which can be utilized for assessing fire 32 effects rely on satellites, which in the case of Landsat have a spatial resolution of 30 33 meters (NASA 2016) . Monitoring Trends in Burn Severity (MTBS) is a national project 34 within the US to map fire severity and extent from Landsat data with records going back 35 to 1984. However, this project only maps wildland fires greater than 400 hectares in the 36 western US and greater than 200 hectares in the eastern US (Eidenshink 2007; Sparks 37 2015) . As a result, much of the body of fire history contained in fire atlases omit the 38 spatial extent of small and moderate sized fires (Morgan 2014) . These smaller fires can 39 account for 20 percent of the total area burned across a landscape, which is also the 40 most ecologically diverse of the total area burned (Hamilton 2015) . Accurate historical 41 record of fire history is necessary in order to determine departure of current fire 42 frequency from historic fire frequency, a key metric for determining ecosystem 43 resilience (WFLC 2014) . Current methods for image acquisition have also included the 44 utilization of manned aircraft, but for the purposes of obtaining post fire imagery, 45 manned aircraft is much more expensive than sUAS, costing as much as 10 times more 46 to operate (USGS 2015) as well as usually being prioritized as a resource on large active 47 fires, precluding their availability to acquire post-fire imagery.D r a f t 4 Vegetation structural characteristics that influence wildland fire effects vary at 49 scales that are less than the 30 meter resolution data available from the Landsat 50 satellites. The ability to acquire higher resolution ecological data at the same or smaller 51 scale than vegetation has the potential of increasing the accuracy of remotely sensed 52 data (Holden 2010) . Pixels are the smallest unit that can be addressed in an image, each 53 pixel containing a single value for each band in the image (Chang 2016) . Higher 54 resolution images contain greater pixel density for a given area while lower resolution 55 images utilize fewer pixels to represent the same area. Higher resolution enables objects 56 to be represented spatially by multiple pixels, which collectively contain the spatial 57 extent of the object (Chuvieco 2016) . Lower resolution satellite imagery pixels will 58 commonly contain multiple heterogeneous objects, with the spectral reflectance of the 59 pixel being influenced by each of the objects within the spatial extent of the 60 pixel (Sridharan 2013) . The combined spatial reflectance from the heterogeneous 61 objects will cause the resulting pixel value to contain an aggregate value which may not 62 adequately depict any of the objects within the pixel's spatial extent. 63
Remote Sensing with sUAS 64
The proliferation of small unmanned aircraft system technology has made the 65 procurement and use of remotely sensed data a viable possibility for many organizations 66 that could not afford to obtain such data in the past. Knowledge imparted by tools and 67 methods being developed through this effort will enable wildland managers to establish 68 data-informed strategies for recovery of burned areas. After a wildland fire has been 69 suppressed, sUAS with an attached multispectral or hyperspectral image acquisition unit 70 can enable wildland managers to obtain fire effects information in a timely, safe, and 71 cost-effective manner. Unlike manned aircraft or satellites, sUAS can be deployed at 72 D r a f t 5 nearly any time or location, including adverse conditions or topography where human 73 life would be at risk, enabling a cost effective and timely method for mapping both the 74 extent of the fire and severity of the burned area. These data can be utilized in 75 developing the recovery plan for the fire impacted area and updating existing spatial 76 data to reflect the current state of the vegetation and fuels within the fire perimeter. 77
Spatial Resolution 78
Current regulations by the US Federal Aviation Administration require that sUAS in the 79 US must be flown at altitudes not exceeding 120 meters (400 ft) above ground level 80 (AGL). Flying at such low altitudes ensures that sUAS acquired imagery will be 81 hyperspatial, that is, where the pixel size is smaller than individual objects in the image 82 (Sridharan 2013) . Commonly, hyperspatial (sub-decimeter) imagery allows the 83 acquisition of very small, but ecologically significant features such as white ash 84 (Kokaly 2007) . The presence of increased amounts of white ash has been found to be 85 significantly correlated with increased surface fuel consumption, providing an 86 indication of high fire severity (Hudak 2013) . 87
The DJI Phantom 4, a commonly available sUAS comes with a digital camera 88 that has a horizontal field of view of 94 degrees, acquires twelve megapixel images with 89 3000 rows by 4000 columns of pixels. Aerial imagery acquired by a Phantom 4 while 90 flying at an altitude of 120 meters AGL has a spatial resolution of 6.4 centimeters per 91 pixel. Objects that are wider than that pixel resolution will be discernible in the acquired 92 hyperspatial imagery as shown in Figure 1a Most commercially available sUAS can be equipped to take aerial imagery with 113 an onboard digital camera, a multi-spectral sensor with three bands capturing visible 114 light in the blue, green and red spectrum ranging from 400 nm to 700 nm (Lebourgeois 115 2008) . More recently, miniaturization of hyperspectral sensors has enabled them to be 116 carried onboard small sUAS, offering a more affordable and accessible means by which 117 to acquire hyperspectral aerial imagery. 118 D r a f t
Spectroscopy 119
In order to establish whether classes of interest in mapping wildland fire severity are 120 adequately distinct to enable machine learning analytics to distinguish between the 121 classes, it was necessary to acquire a spectral library with which we established class 122 spectral separability. Our research efforts include mapping of wildland fires in a variety 123 of ecosystem types common to the interior northwestern US. Consequently, we found it 124 necessary to build a spectral library in order to assure our spectroscopic analysis 125 consisted of samples of burned and unburned vegetation common to our study region. 126
Vegetation Collection 127
In building a spectral library suitable for our spectroscopic analysis for wildland fire, it 128 was necessary to collect both burned and unburned vegetative samples of species 129 common to the northwestern US. This necessitated the inclusion of a biologic 130 distribution of species across the four life forms of interest (conifer, deciduous, shrub 131 and herbaceous) as well as both white and black ash. Collection of biologically diverse 132 samples for inclusion in the library was facilitated by the close proximity of our 133 research team located in Nampa, Idaho, USA to ecologically diverse ecosystems across 134 montane southern Idaho, ranging from the xeric Owyhee Mountains to the mesic upper 135
Payette River watershed. 136
Collection Methods 137
Maintaining consistent reflectance of the samples from collection of the sample to 138 measurement of reflectivity in our lab was critical to ensuring the integrity of our data. 139
If vegetative samples are kept moist and refrigerated, foliar moisture can be maintained 140 which will ensure retention of chlorophyll and resulting reflectivity for up to three days 141 (Richardson 2002) . Toward this end, when vegetative samples were collected, the cutD r a f t 8 end of the sample was wrapped in a moist paper towel and the sample was placed in a 143 plastic bag as soon as possible. Additionally, the sample was refrigerated at the earliest 144 opportunity. All vegetative samples were run through the spectrophotometer within 48 145 hours of collection to ensure that the measure of reflectance remained consistent to what 146 would be found with live uncut vegetation. 147
Reflectance measurements on white and black ash indicated that unlike 148 unburned vegetation, spectral reflectance did not degrade over time, allowing for us to 149 focus on measuring reflectance of unburned vegetative samples prior to running 150 samples of burned organic materials which were not temporally sensitive through the 151 spectrophotometer. 152
Spectrometry 153
Reflectance is a ratio of radiant flux emitted (radiance) to radiant flux received 154 were prepared from the sample for measurement with the spectrophotometer. A mean 167 filter was applied to the reflectance measurements for the sample, averaging the 168 reflectance values from the specimens into spectrum with a spectral resolution of 5 nm, 169 thereby smoothing and reducing noise in the spectral data (Van Aardt 2000) . Each 170 spectrum is identified by its midpoint, and that wavelength is used as the independent 171 variable. 172
Spectroscopic Analysis 173
Analysis of spectral separability of the classes of interest for wildland fire severity 174 involved both visualization of the data by plotting spectral mean of each class as well as 175 utilization of the Student T-test to determine spectral separability between the classes by 176 spectrum. 177
Data Visualization 178
To get an initial visualization of the data we had collected, we plotted results from each 179 sample on a line graph. In order to simplify the visualization of the results, we 180 calculated the mean reflectance along with the standard deviation for each class of 181 interest from the spectral data of samples collected in each class. The mean reflectance 182 as well as the standard deviation for each class was then graphed in a line plot shown in 183 hypothesis. This P-value indicates the minimum significance level at which the null 215 hypothesis can be rejected; that is, the minimum significance level at which we can 216 assert that there is in fact a difference between Class A and Class B at that particular 217 wavelength. Thus we have a collection of P-values P 190 , P 195 ,…, P 900 describing the 218 minimum significance level for distinguishing Class A and Class B at the respective 219 wavelengths, which we refer to with the notation P(λ). 220 
T-Test Analysis Results. Two tailed T-tests

Transformation of Hyperspectral Data to Color Channels 261
The spectral separation found between the classes between 450 and 700 nm is 262 also the range color cameras are able to capture, showing promise for classifiers being 263 able to distinguish between all the classes of interest using the red, green and blue bands 264 available in multi-spectral color images. In order to assess the impact this data has on 265 the prospect of using color imagery for mapping wildland fire, we resampled the 266 hyperspectral data to the spectral sensitivity of a typical color camera in order to assess 267 the separability of the classes from color imagery such as could be acquired with color 268 cameras that are commonly mounted on a sUAS. 269
In order to derive muli-spectral data typical of color imagery from our hyperspectral 270 data, we created a model of a typical color from the spectral sensitivity data from the 271 cameras mentioned by Jiang (2013) which was measured at 10 nm spectral resolution. 272
We averaged the spectral sensitivity curves of the set of cameras into a single set of 273 sensitivity curves indicative of the spectral sensitivity of the red (570-670 nm), green 274 (500-570 nm) and blue (420-500 nm) channels of a typical camera as shown in Figure  275 4. These bands from our typical camera model (TCM) were then used to obtain a 276 weighted average of each of our spectral samples into red, green and blue channel 277 values that are representative of the reflectance of that species in color imagery. The 278 mean as well as the standard deviation of the samples from each class are shown in 279 
Application 289
The separability between classes established with the T-tests shows potential for 290 enabling the development of machine learning based analytics which utilize spectral 291 reflectance to differentiate between ash and vegetation classes for mapping wildland fire 292 severity and extent. In particular, the low P-values across the same spectra captured by 293 common digital cameras illustrates the potential of establishing class separability with a 294 multispectral color image containing red, green and blue bands. 295
In order to test the applicability of these findings, we trained machine learning 296 classifiers developed by our team with examples of black ash, white ash and surface 297 vegetation shown in Figure 1a . The classifier used those training examples to classify 298 the rest of the image into unburned vegetation, low severity fire where the classifier 299 detected black ash and high severity fire as evidenced by the existence of white ash. Our 300 analytics then utilized image processing tools we developed to clear up the resulting fire 301 severity image by performing object enhancement, edge smoothing and noise reduction 302 utilizing common morphological algorithms. The resulting fire severity image is shown 303 in Figure 7 where: 304
• black indicates pixels the classifier labeled as unburned vegetation 305
• grey corresponds to areas that burned with a low intensity as evidenced 306 by the existence of black ash 307
• white corresponds to spots that burned with high intensity as evidenced 308 D r a f t
Conclusion 310
The T-test results show good class separability in the visible spectrum between black 311 ash, white ash, the canopy vegetation as well as the surface vegetation classes. 312
Additionally, the near infrared spectrum also shows promise for class separability 313 between white ash, black ash and the vegetation classes. The P-values above 750 nm 314 indicate spectral separability between the canopy and herbaceous vegetation classes in 315 the near-infrared spectrum. The P-value trends between the canopy and shrub 316 vegetation class approaching the upper bound of the spectral extent of this study 317 indicate the potential of separability between the canopy and shrub vegetation classes 318 further into the infrared spectra past the spectrum measured by our spectrophotometer. 319
The T-test results did not show good intra-class separability in the ultraviolet spectra 320 below 450 nm. 321
Class separability found in the visible and infrared spectrum can be utilized in 322 the development of machine learning analytics by identifying and utilizing only spectra 323 that provide good separability between classes, thereby excluding spectra that do not 324 provide information as to class separability. The class separability we found in the near 325 infrared spectrum indicate that there would be benefit to using a sensor that can record 326 spectral reflectance both in the visible and the near infrared spectrum, particularly if the 327 spectral extent of the sensor extends past 900 nm. The P(λ) trends we observed between 328 the canopy and surface vegetation classes approaching 900 nm continued further into 329 the near infrared spectrum, again establishing separability between the canopy and 330 surface vegetation classes further into the near infrared spectrum. 331
Determination of spectral separability was found between all the classes of 332 interest for mapping wildland fire severity in the visible spectra (450-700 nm). This 333 separation was found both with hyperspectral data (Figure 3 ) as well as multi-spectralD r a f t color data (Figure 6 ) transformed from the hyperspectral data using the TCM. These 335 results show promise for being able to map wildland fire severity using the color digital 336 cameras that come stock on many sUAS, as they detect reflected light in three bands 337 covering that same 450 to 700 nm spectra (Chang 2016) . 338
Our data and analysis indicate that an ordinary three-band color camera will 339 provide enough information. The additional spectral resolution (about 20 nm per band) 340 provided by a hyperspectral imager does not seem to provide enough additional relevant 341 information to justify the cost of the instrument and the added computational burden to 342 exploit that information. There may be potential use for a hyperspectral sensor in the 343 longer wavelengths of the near infrared spectrum (900-5000 nm) due to the variation 344 across smaller spectrum in that range, where it appears that the P(λ) curves may drop 345 below the significance level (Van Aardt 2000) . However, our study did not explore this 346 spectral range. 347
Future Work 348
This effort was part of a larger ongoing research project at Northwest Nazarene 349 • Investigation of the applicability of image texture (Haralick, 1973) as an 362 additional input with color image bands for improving machine learning 363 accuracy for mapping wildland fire effects (Hamilton 2017) . 364
• Evaluation of the ability of increased spatial resolution to improve 365 mapping of wildland fire effects by assessing machine learning accuracy 366 when using hyperspatial (sub-decimeter) as opposed to low resolution 367 (30 meter) imagery. 368 
